The goal of WMT 2018 Shared Task on Translation Quality Estimation is to investigate automatic methods for estimating the quality of machine translation results without reference translations. This paper presents the QE Brain system, which proposes the neural Bilingual Expert model as a feature extractor based on conditional target language model with a bidirectional transformer and then processes the semantic representations of source and the translation output with a Bi-LSTM predictive model for automatic quality estimation. The system has been applied to the sentence-level scoring and ranking tasks as well as the wordlevel tasks for finding errors for each word in translations. An extensive set of experimental results have shown that our system outperformed the best results in WMT 2017 Quality Estimation tasks and obtained top results in WMT 2018.
Introduction
Quality Estimation (QE) is a task to estimate the quality of a Machine Translation (MT) system without the presence of any manually annotated reference translations. It can serve in a variety of computer-aided scenarios such as translation results screening before release or translation quality comparison between different MT systems. Currently, the classical and widely-used method to evaluate an MT system is measured by BLEU (Papineni et al., 2002) , a statistical language-independent metric that requires human golden references for validation. What if we expect to efficiently get the detailed quality evaluation feedbacks (e.g. sentence or token-wise scoring) from an extremely large number of machine translation outputs? An automatic method with no access to any reference is highly appreciated. * * indicates equal contribution.
The common approach to automatic translation quality estimation is to transform the problem into a supervised regression or classification task for sentence-level scoring and word-level labeling respectively. Traditional baseline models in WMT 12-17 have two modules: human-crafted rulebased feature extraction model via QuEst++ (Specia et al., 2015 ) (sentence-level task) or Marmot 1 (word-level task); and an SVM regression with an RBF kernel as well as grid search algorithms for predicting how much effort is needed to fix translations to acceptable results (sentence-level task) or a sequence-labeling model with CRFSuit toolkit to predict which word in the translation output needs to be edited (word-level task). A recently proposed predictor-estimator model with stack propagation (Kim et al., 2017 ) is a recurrent neural network (RNN) based feature extractor and quality prediction model that ranked first place in WMT17. Another novel method is to train an Automatic Post-Editing (APE) system and adapt it to predict sentence-level quality scores and word-level quality labels (Martins et al., 2017) . A promising APE system can serve as a guidance to QE system by explicitly explaining errors in the translation output.
Our submitted system for sentence and word level QE tasks in WMT18, named QE Brain has two phases: feature extraction and quality estimation. In the phase of feature extraction, it extracts high-level latent joint semantics and alignment information between the source and the translation output, relying on the "neural Bilingual Expert model" introduced by Fan et al. (2018) as a prior knowledge model, which is trained on a large parallel corpus. The high-level latent semantic features and manually designed mis-matching features (Fan et al., 2018) exported from the prior knowledge model are fed into a predictive model in the phase of quality estimation, with which the scoring prediction for the sentence-level task and erroneous or missing word predictions for the word-level task are targeted. This paper presents our submissions for the WMT18 Quality Estimation English-German and German-English Shared Tasks, namely, (i) a sentence-level QE scoring prediction system and (ii) a word-level QE labeling prediction system including word predictions and gap predictions. Since both systems are supposed to understand the complex semantic relationship between the source and the translation output, the features produced by a pre-trained neural Bilingual Expert model can be shared by the two level tasks per language direction.
In Section 3, we will discuss several techniques to boost our system's performance. We make use of extra human-crafted baseline features including basic descriptive statistics, language model (LM) probabilities and alignments information of the source and the translation output. They are combined with features from the neural Bilingual Expert model to predict the sentence-level scores. In addition, to make up the shortage of QE training data, we apply the round-trip translation technique to generate some artificial QE data that increases the error diversity and prevents overfitting. To further enhance our model's performance, we use a greedy algorithm based ensemble selection method to decrease the individual error among a bunch of single quality estimation models.
QE Brain Baseline Model
QE Brain base single model contains a feature extractor and a quality estimator. The feature extractor relies on the Bilingual Expert model to extract features representing latent semantic information of the source and translation pair. These features will be fed into a quality estimator to estimate the translation quality. The Bilingual Expert model uses self-attention mechanism and transformer neural networks to construct a bidirectional transformer architecture (Fan et al., 2018) , serving as a conditional language model. It is used to predict every single word in the target sentence given the entire source sentence and its context . The Bilingual Expert model consists of three modules: (i) transformer self-attention based encoder for the source sentence, (ii) forward and backward encoders for the target sentence with the masked self-attention in the transformer decoder module, (iii) reconstruction for the target sentence. Once the model is fully trained, we can use the prior knowledge learned from the Bilingual Expert model to extract the features for the subsequent translation quality estimator. There are two kinds of features upon the Bilingual Expert model defined by Fan et al. (2018) : model derived features of latent representations and manually extracted mismatching features.
When we perform quality estimation on a source and translation pair, we need to obtain the semantics information of the source and the translation output and their alignment information. We can assume that it is more likely for the model to predict a correct target word if only few words around it are incorrect. Fan et al. (2018) claims that both the latent representations of the k-th word in the translation output and its mismatching features that reflect the error severity if it is a mistake are sufficiently beneficial to the downstream quality predictive model. Choices of the quality estimation models are compared as well. It is found that the bi-directional LSTM (Graves and Schmidhuber, 2005) will be appropriate in the QE situation. We treat the feature extraction model based on the neural Bilingual Expert model and the quality estimation based on Bi-LSTM model as our baseline system.
Boosting the QE Model Performance

Human-crafted Features
Along with the features produced by the Bilingual Expert model, we extract another 17 QE baseline features for the sentence-level task using QuEst++ and additional resources (source and target corpora, language models, ngram counts and lexical translation tables) provided on the WMT18 QE website 2 . Kozlova et al. (2016) verifies the significance of these features using Random Forest (Breiman, 2001) . Four of them are the most crucial among all according to their degrees of importance.
-percentage of trigrams in quartile 4 of frequency of source words in a corpus of the source language -LM probability of source sentence -percentage of bigrams in quartile 4 of frequency of source words in a corpus of the source language -average number of translations per source word in the sentence Language models (LM) assign probabilities to generate hypotheses in the target language informing lexical selection in statistical machine translation (SMT). It is reasonable that three of the above four baseline features are derived from the LM. Moreover, alignment models can essentially help SMTs determine translational correspondences between the N-grams in the source with those of the same meanings in the target. Particularly, a satisfying translation result can contain as many translated words as possible, according to an alignment model, IBM model 1 or 2. Consequently, average number of translations per source word in the sentence becomes large. Fan et al. (2018) proposed to use the concatenation of the model derived and mis-matching features as input of a Bi-LSTM quality predictive model. The sentence-level score prediction can be formulated as a regression problem with the objective function,
where − → h T and ← − h T are the hidden states of the last time stamps of the Bi-LSTM's output, h represents the translation score (HTER) and w is a vector. Alternatively, we introduce the human-crafted features as additional linear components for the predictive layer with a sigmoid activation function. Therefore, the objective function can be rewritten as,
where f h is the 17-dimensional QE baseline features.
Artificial QE Data Construction
Unlike stacking of an APE-based QE system and a "pure" QE system trained only on the provided QE training dataset (Martins et al., 2017) , we came up with the idea to take advantage of the artificial training data augmentation technique (JunczysDowmunt and Grundkiewicz, 2016) in the APE task to provide more supplementary training data, aiming to increase the diversity of erroneous translations during the training process so that it can reduce the overfitting of our model. We trained two English-German quality estimation models with (i) the real QE training data alone or (ii) the real and artificial QE data, and evaluated them on the development data and the data made up with 1800 random samples from the real QE training data to investigate the robustness of them. As shown in Fig 1 , the model trained with (ii) (Experiment 2) is more robust than the model trained with (i) (Experiment 1), but can achieve comparable performance on the development data. The round-trip translation process can produce literal translations that may be similar to postedited triplets including sources (SRC), translation outputs (MT) and post editions (PE). In order to mimic the QE data, we randomly pick triplets generated by the round-trip translation technique according to the distribution of HTERs in the real QE training and development data.
Greedy Ensemble Selection
To generate an ensemble of submissions for the WMT 18 QE task, the simplest methods are averaging the predictive scores for the sentence level and majority voting for the predictive labels for the word level from a number of single models. Homogeneous models can be derived from performing the same learning methodology but with different hyper-parameters of the model architecture including the neural Bilingual Expert model and Bi-LSTM quality predictive model.
In the sentence level, adding human-crafted features can be optional when we make different assumptions about the features of source and translation pairs. Under this situation, heterogeneous models can be derived from performing the same learning algorithm on different datasets. We can also use the Byte-Pair Encoding (BPE) tokenization as a substitution for a word tokenization in text pre-processing. Fan et al. (2018) compared the performance of the word and BPE tokenization on both sentence and word levels in WMT 18 and the results show that the models with BPE tokenization can produce comparable or better results than those with word tokenization.
In general, the ensemble output of K single models can be produced by the following objective function, arg max
where m k is the k-th single model that has probability distribution m k (x, t k ) with its corresponding weight w k . X represents the feature instance of a single model, and T represents the HTER or the word label where t k can be a continuous quality score or an OK/BAD label respectively. We assign equal weights to every single model in our case for simplicity.
Since not every single model in the ensemble is always needed for the optimized prediction, it is appropriate to select a subset from all candidate models. We follow the greedy ensemble selection algorithm, Focused Ensemble Selection (FES ) (Partalas et al., 2008) , to reduce the size of averaging ensembles but improve its efficiency and predictive performance.
In the sentence level, FES's output is averaging HTER scores of selected single models. However, in the word level, the ensemble can be made by majority voting of the binary predictions for selected single models or averaging their probabilities of predicting the word as OK. We use the development data for evaluation under the assumption that the development data and the test data are from the same distribution, even if it might be susceptible to overfitting. However, we did not observe this phenomena in results released for the test data in WMT18 QE task. We filtered all the corpora except src-pe pairs with basic rules to guarantee the quality. A "highquality" sentence pair should both start with a Unicode letter character, the lengths of them are equal to or less than 70, and the length ratio of the source sentence and the target one should be bounded by 1/3 and 3. The total resulting qualifying parallel corpora roughly include 13 million for WMT17 QE tasks and 29 million for WMT18 QE tasks.
Data for Quality Estimation Model
The data for quality estimation contains two parts: (i) real QE data provided by WMT QE organizers; (ii) artificial QE data generated by the roundtrip translation technique (Junczys-Dowmunt and Grundkiewicz, 2016) . We first combined the real QE data with the artificial QE data to train a baseline quality estimation model, then fine tuned the model with the real QE data alone. The English-German IT domain artificial QE data can be obtained directly from the additional resources of WMT18 Auto Post-Editing task 5 created by Junczys-Dowmunt and Grundkiewicz (2016) . We applied the English-German artificial QE data on test 2017 en-de the SMT QE task. For the neural machine translation (NMT) QE task, we followed the same procedure but trained two NMT models (GermanEnglish and English-German) instead. Similarly, when generating German-English Pharmacy domain artificial QE data, we first applied domain data selection to the English monolingual corpus admissible for the WMT18 News and Biomedical Translation data with crossentropy filtering method and seed data set -postediting training data and the English biomedical data. In total, we got 5 million domain-like sentences for the round-trip translation. Afterwards, we created two phrase-based translation models, English-German and German-English, using the parallel bilingual corpora for the WMT18 News and Biomedial Translation tasks but with different language models. The 5 million domain-like sentences as PEs would be first translated to German as SRCs and the SRCs would be then translated to English as MTs. Finally, we would have 5 million artificial APE training data, leading to 5 million artificial QE training data with corresponding HTERs and word labels via the TER tool.
We filtered the English-German and GermanEnglish artificial QE data according to the HTER distribution of the combination of QE training and development data, and randomly pick 300,000 triplets per language pair. 
Model Settings
The number of layers for the self-attention encoder and forward/backward self-attention decoder are all set as 2, where we use 8-head self-attention in practice. The number of hidden units for feedforward sub-layer is 512. The bilingual expert model is trained on 8 Nvidia P-100 GPUs for about 3 days until convergence. For translation QE model, we use only one layer Bi-LSTM, and it is trained on a single GPU. Notice that for the QE task of WMT17, it is prohibited to use any data from 2018, since the training data of 2018 includes some test data of 2017. The same setting is applied to all following experiments associated with 2017. We tuned all the hyper-parameters of our model on the development dataset to obtain the best single model, and report the corresponding results for test data. We increased the model diversity from two perspectives. First, in terms of data resources, we experienced with three strategies: word/BPE tokenization, w/ or w/o artificial QE data and w/ or w/o human-crafted features for the sentence-level task. Secondly, we tuned the number of units for Bi-LSTM with 96 or 128 and training batch size with 32 or 64 from the model's perspective.
Evaluation Results
In this section, we will report the experimental results of our approach for WMT 2017 and 2018. For WMT17 QE task, we tried to verify our proposed strategies. For WMT18 QE task, we mainly participated in the sentence-level scoring and ranking tasks and the word-level word prediction tasks for English-German SMT, EnglishGerman NMT and German-English SMT. In addition, we also submitted results for the wordlevel gap predictions for English-German SMT. In Table 2, part of Table 3 and Table 4 , results of WMT18 QE tasks are listed according to the WMT18 QE website.
Ablation Study on WMT17 QE Task
Since we can access the translation outputs of human post-editing for test data, it provides an ideal held-out test data to verify our proposed strategies. We illustrated our results in Table 1 and part of Table 3 on WMT17 QE Task. The competitors are POSTECH, DCU and Unbabel. Their results can be found in (Bojar et al., 2017) , Section 4.4 and Section 4.5. We also listed the WMT QE baseline results for reference. The QE Brain base single model follows the exact training scheme in (Fan et al., 2018) with model derived features and mismatching features. In sentence level, either incorporating human features or the use of artificial QE data will positively contribute to the metrics. For Pearson's r, the single fine-tuning strategy yields the improvement +0.01 on English-German and +0.003 on German-English. For Spearman's ρ, the single model with human features improves the performance by +0.006 in English-German and +0.013 in German-English.
In word level, we did not use any human features, but we found fine-tune strategy can always improve the performance. For F1-Multi, the single fine-tuning strategy yields the improvement +0.003 on English-German and +0.006 on German-English. In general, with all these strategies, our single models can be comparable or better than the state-of-the-art (SOTA) ensemble systems of WMT17 QE task. Our ensemble models significantly outperform all of the SOTA systems.
Ensemble Analysis on WMT18 QE Task
As we discussed previously, we tried both word and BPE tokenization for the data pre-processing. Thus, we submitted two types of ensemble models, where Ensemble 1 is referred to the model ensembles trained with word tokenization and Ensemble 2 is the model ensembles trained with both word and BPE tokenizations. Training with BPE tokenization can naturally increase the model diversity, so it makes sense that Ensemble 2 performs better than Ensemble 1, except for EnglishGerman NMT word-level task, which is very likely due to the small data size (<14000).
Conclusion
This paper introduces our machine translation quality estimation system, QE Brain, for both the sentence-level and word-level tasks in WMT 2018 Quality Estimation. The system proposes the neural Bilingual Expert model to extract semantic features from both the source and translation output for estimating translation quality with a bidirectional LSTM predictive model. In particular, three important strategies are utilized for obtaining positive results as incorporating human-crafted features, artificial QE data augmentation for more diversified training data and model ensemble with a greedy algorithm. The results of our system obtained No.1. in the English-German SMT scoring and ranking tasks as well as the German-English SMT ranking tasks. Furthermore, our system also produced the best results in all word-level EnglishGerman and German-English word and gap prediction tasks.
